Interspecific competition is an important driver of community assembly in plants and animals, but phylogenetic evidence for interspecific competition in bacterial communities has been elusive. This could indicate that other processes such as habitat filtering or neutral processes are more important in bacterial community assembly. Alternatively, this could be a consequence of the lack of a consistent and meaningful species definition in bacteria. We hypothesize that competition in bacterial community assembly has gone undetected at least partly because overly broad measures of bacterial diversity units were used in previous studies. First, we tested our hypothesis in a simulation where we showed that how species are defined can dramatically affect whether phylogenetic overdispersion (a signal consistent with competitive exclusion) will be detected. Second, we demonstrated that using finer-scale Operational Taxonomic Units (OTUs) (with more stringent 16S rRNA sequence identity cutoffs or based on fast-evolving protein coding genes) in natural populations revealed previously undetected overdispersion. Finally, we argue that bacterial ecotypes, diversity units incorporating ecological and evolutionary theory, are superior to OTUs for the purpose of studying community assembly.
Introduction
Interspecific competition is one of the central pillars upon which evolutionary and ecological theory rests. Competition between species is fundamental to many pivotal ecological questions. Specifically, why do species exist in some habitats, but not in others? What processes determine the complement of species in any particular habitat? While plant and animal ecologists have made great progress in understanding how competition affects the composition of species in a community (Webb et al., 2002; Purvis et al., 2008; Cavender-Bares et al., 2009) , the role of interspecific competition in building bacterial communities is still unclear (HornerDevine and Bohannan, 2006) .
Phylogenetic evidence has been used by plant and animal ecologists to detect the influence of competition on community assembly. The more closely related two species are, the greater their ecological similarity, and the more intense the competition between them is expected to be (Darwin, 1859; Cooper et al., 2008; Cavender-Bares et al., 2009; Wiens et al., 2010) . As a result, species frequently find it more difficult to invade habitats occupied by their sister species (Fargione et al., 2003; Tilman, 2004) . Competitive exclusion among close relatives can reveal itself via a specific phylogenetic signature called phylogenetic overdispersion, in which species found in the same habitat are more distantly related than expected by chance (Elton, 1946; MacArthur and Levins, 1967) . Competition is only one of the many processes known to play a role in community assembly. Another is habitat filtering, where closely-related species sharing a trait or suite of traits persist in a given habitat; this can stem from difficulty in adapting to the abiotic conditions of another habitat. The expected phylogenetic signature of habitat filtering is the exact opposite of that for competitive exclusion. That is, co-occurring species are typically more closely related than expected (phylogenetic clustering).
Habitat filtering and competition can operate simultaneously in real communities, but their influence varies at different spatial and taxonomic scales (Weiher and Keddy, 1995; Webb et al., 2002; Cavender-Bares et al., 2004 , 2006 Horner-Devine and Bohannan, 2006; Silvertown et al., 2006; Emerson and Gillespie, 2008; Purvis et al., 2008; Vamosi et al., 2009) . When communities are studied at broad spatial and taxonomic scales, habitat filtering is expected to be dominant, because taxa and habitats are more heterogeneous. Inversely, competitive exclusion is expected to be more intense and influential in communities of smaller spatial and taxonomic scales. Accordingly, ecologists have found ample evidence of competition and habitat filtering in animal and plant communities, but the strength of the interactions varies at different scales. While studies have shown evidence of habitat filtering in natural bacterial communities, surprisingly little evidence has been uncovered to suggest that competition also plays an important role (Horner-Devine and Bohannan, 2006; Newton et al., 2007; Bryant et al., 2008; Pontarp et al., 2012; Stegen et al., 2012; Wang et al., 2012) . Resource competition has been shown to shape the assembly of bacterial microcosm communities in laboratory experiments (Kurihara et al., 1990; Gerrish and Lenski, 1998; Rainey and Travisano, 1998; Hibbing et al., 2010) , but there are very few documented instances of phylogenetic overdispersion in natural bacterial communities.
One explanation for the lack of phylogenetic evidence for competition is that habitat filtering or neutral processes (Tilman, 2004 ) is predominant in bacterial community assembly and that competitive exclusion plays only a limited role. Another possibility is that competition, although significant, does not always lead to phylogenetic overdispersion. This could be due to the lack of niche conservatism (Losos et al., 2003; Rice et al., 2003; Knouft et al., 2006; Losos, 2008) , endemic adaptive radiation (Wiedenbeck and Cohan, 2011) or because competitive ability differences between species exceed their niche differences (Mayfield and Levine, 2010) . Here we test an alternative hypothesis that phylogenetic analyses used to look for phylogenetic overdispersion in bacterial communities have been done at the wrong taxonomic scale, such that overdispersion cannot be readily detected, even if present (Horner-Devine and Bohannan, 2006) .
The phylogenetic methods used to detect competition in plant and animal communities are challenged when applied to bacteria by the lack of a clear species concept (Cohan, 2002) . In particular, if current molecular approaches for characterizing bacterial diversity result in taxa that are too broadly inclusive, this would hinder the detection of interspecific competition using phylogenetic methods. For example, in the case of plants and animals, we would not expect to detect competitive exclusion as a major factor in community assembly if the family or order is used as the diversity unit in the analysis of phylogenetic community structure (Vamosi et al., 2009) . But currently accepted definitions of bacterial species result in taxa that are more analogous to families and orders among plants and animals than to their species (Staley, 2006 )! The most commonly used approximations of bacterial species are Operational Taxonomic Units (OTUs), which are based solely on gene sequence similarity, most often the 16S rRNA gene. OTUs based on the commonly used 97% or 99% identity cutoffs at the 16S rRNA locus are known to encompass large swaths of genomic (Staley, 2006; Goris et al., 2007) and ecological (Ward et al., 2006) diversity within them (Wiedenbeck and Cohan, 2011) , and therefore have the potential to bias bacterial diversity datasets against the detection of phylogenetic overdispersion.
We predicted that a finer scale of species delineation based on a narrower identity threshold, or less conserved markers (e.g., fast evolving protein-coding genes) would increase our power to detect phylogenetic overdispersion. We tested this hypothesis by analyzing the phylogenetic relatedness of several bacterial datasets using 16S rRNA and proteincoding genes and a range of identity thresholds to define the species boundary. In addition, since recently diverged bacterial ecotypes (ecologically homogeneous populations) may represent the units of bacterial diversity that are most closely equivalent to plant and animal species (Cohan and Perry, 2007; Wiedenbeck and Cohan, 2011) , we also tested the effect of using bacterial ecotypes as the species unit for phylogenetic analyses. Our results suggest that phylogenetic overdispersion is more prevalent in bacterial communities than has previously been appreciated.
Materials and methods

Sequence datasets
Four sequence datasets from a wide range of environments were used in this study (Table 1) . Marine Pelagibacter sequences were obtained by BLASTN searching the Global Ocean Survey (GOS) All ORFs database (Sun et al., 2010) with 31 Candidatus Pelagibacter ubique HTCC1062 protein-coding marker genes (Wu and Eisen, 2008 ) (e-value o ¼ 1e-10). The marine Vibrio dataset consisted of 1025 hsp60 sequences of the genus Vibrio, 541 bp in length, sampled in the spring and fall from particles of different sizes in a coastal Human subjects 16S rRNA (Ley et al., 2006) marine environment (Hunt et al., 2008) . The skin microbiome dataset (Grice et al., 2009 ) included skin bacteria from 10 healthy volunteers, each of which was sampled at 21 different skin sites, including moist, dry and sebaceous skin. This set contained 116391 near full-length 16S rRNA Sanger sequences. The gut microbiome dataset (Ley et al., 2006) contained gut bacteria sampled from 12 obese individuals over a time course of 52 weeks during which the obese subjects undertook one of two weight-loss regimens. The dataset contained 18052 near full-length 16S rRNA Sanger sequences. Pelagibacter sequences were retrieved from CAMERA (http://camera.calit2.net). All other sequences were retrieved from Genbank.
OTU generation
For GOS Pelagibacter sequences, translated proteincoding sequences were aligned by HMMer3 (Eddy, 2011) using profile Hidden Markov Models of known Pelagibacter marker genes. The protein alignments were then converted back to DNA alignments using in-house scripts. Given the fragmentary nature of the GOS ORFs, a sliding window approach (width: 200 bp, increment: 20 bp) was used to select alignment regions for further analysis.
To be selected, an alignment region must contain at least 500 sequences and no sequence could have more than 10 gaps in the alignment region. 10 of the 31 Pelagibacter marker genes with enough sequences passed these criteria and were used in the subsequent Phylocom analysis (Table 2) . Vibrio hsp60 sequences were aligned by their amino acid sequences using MUSCLE (Edgar, 2004) , and then converted back to a DNA alignment. The 16S rRNA sequences were aligned using the PyNAST algorithm in QIIME (Caporaso et al., 2010) and were classified to the genus level using RDP Classifier, version 2 (Wang et al., 2007) using the default settings. OTUs were generated with MOTHUR (Schloss et al., 2009 ) using complete-linkage (furthest neighbor) clustering. Sequence with the minimum average distance to the other sequences of the same OTU was chosen as the representative sequence for the OTU.
Simulating the effects of the granularity of species units In order to determine whether species definition might theoretically affect the results of the Phylocom analysis in the absence of other factors, we used Phylocom to analyze a small simulated dataset ( Figure 1 ). We generated a dataset in which 32 hypothetical 'true' species were assigned to four communities, such that the 'true' condition for all four communities was phylogenetic overdispersion. We then modified the species unit by splitting each 'true' species into two, creating 64 'split' species. We also lumped each sister-species pair together into a single species resulting in 16 'lumped' species. Phylocom analysis was then run on all three datasets to determine whether changing how species are defined would affect the outcome.
Phylocom analysis
We used Phylocom (Webb et al., 2008) version 4.1 to compute the Net Relatedness Index (NRI) and Nearest Taxon Index (NTI). Both measure the phylogenetic relatedness of species within a community. The key difference is that NRI measures the average phylogenetic distance between all cooccurring species, while NTI considers only the average distance between co-occurring closest phylogenetic relatives. The statistical significance of observed NRI and NTI values was estimated by constructing 9999 simulated phylogenies in which the species were shuffled randomly between communities (the phylogeny shuffle model). The rank order position of the NTI and NRI values for the observed data relative to those of the simulations was used to calculate the statistical significance. All analyses were run both with and without taking into account taxa abundance, but the results were nearly identical in all cases. All results displayed in this manuscript are abundance-weighted. Samples used in Phylocom analyses were listed in Table 1 . Community was defined as a group of bacterial species that were found in the same sample. For the GOS dataset, only samples with at least 20 Pelagibacter sequences were included for Phylocom analysis. A sample was compared to both the global pool and its local pool. For example, an Indian Ocean sample was compared to all GOS samples and also only to other Indian Ocean samples. For skin microbiome data, each of 
Each row represents the results of one marker gene analyzed in the GOS Pelagibacter dataset. The R 2 and P values of the correlation between the identity cut-off and the fraction of communities called significantly overdispersed by Phylocom are listed. A positive slope indicates that more communities were overdispersed at more stringent species cutoffs. Check marks in the Sig. Pos. column denote significant positive slopes, similar to the pattern displayed in Figure 3 . Results are shown for both the NTI and NRI metrics. the 21 skin sites of one human subject was treated as a separate sample and was compared to the same skin site of the other human subjects. As species in the same genus are expected to be more likely to compete than those in different genera (Darwin, 1859; Cooper et al., 2008; Cavender-Bares et al., 2009; Wiens et al., 2010) , we only used sequences that belong to the same genus in the Phylocom analysis to increase our ability to detect overdispersion.
Demarcation of ecotypes using ecotype simulation and AdaptML We used Ecotype Simulation (ES) version 0.6 and AdaptML (Hunt et al., 2008) to demarcate ecotypes for the Vibrio hsp60 data. The current version of ES is only capable of analyzing around 300 sequences at once within a reasonable time frame. Since the Vibrio dataset contained many more sequences, we employed a divide-and-conquer approach. Using a guiding tree, we subdivided the sequences into clades ofo200 sequences and ran ES separately on each clade. We then demarcated ecotypes on the entire tree by finding the most inclusive clades that are each consistent with being a single ecotype . AdaptML for the Vibrio dataset was run with the particle size and season as environmental parameters following Hunt et al. (Hunt et al., 2008) . Our AdaptML analysis returned habitats virtually identical to those of Hunt et al. (2008) , with the exception that we had seven habitats instead of six. This is likely due to slight variations in tree topology resulting from using different tree-building algorithms. AdaptML was also used to demarcate ecotypes for the Pelagibacter rplK sequences from the GOS dataset using the temperature, salinity, chlorophyll density and water depth as environmental parameters. AdaptML was run using the default settings.
Results and discussion
Broad species units can obscure phylogenetic overdispersion Before testing our hypothesis in natural systems, we first ran a simple simulation with the aim of demonstrating that changing how species are defined could alter the outcome of this type of phylogenetic analysis, in the absence of other factors. We simulated a set of hypothetical 'true' species distributed across habitats such that all communities were phylogenetically overdispersed (Figure 1) . We then modified the simulated communities in two ways, once by 'lumping' two sister species into one unit and once by 'splitting', in which the 'true' species were split into two cooccurring sister units. We used Phylocom to quantify the degree of phylogenetic clustering and overdispersion with two indices: NRI and NTI (see Materials and Methods for details). Positive values of either index for a community indicate that the species within that community are phylogenetically clustered, while negative values indicate phylogenetic overdispersion. We found that the breadth of the species unit can dramatically alter how much phylogenetic overdispersion is detected (Figure 1) . After lumping the 'true' species into broader units, we failed to detect overdispersion in half of the communities. Consistent with our expectations, the effect of splitting species Figure 1 The effects of lumping and splitting of species on the phylogenetic analysis of community structure. This figure displays the setup and results of the simulation experiment. Each of the 32 leaves in the 'true' species tree represents a 'true' species. Colored squares at the leaves of the phylogeny represent the community within which the species is found. There are a total of four different communities in this simulation (green, blue, red and yellow). Solid colored squares indicate the species is found only in that community. When two sister species are lumped together, the 'lumped' species will then be perceived to be present in two communities instead of one, so the communities for the lumped species are displayed as divided squares. The pie charts at the bottom of each tree indicate the percentages of communities that are significantly clustered, overdispersed or not significant according to the Phylocom analysis. For example, among the lumped species, two of the communities were called as significantly overdispersed by phylocom, while the other two were neither significantly clustered, nor significantly overdispersed.
Species competition in bacteria community assembly AF Koeppel and M Wu produced different results depending on the metric. NRI did not show any phylogenetic structures in the communities. In contrast, because species splitting always resulted in a nearest neighbor from the same community, NTI actually returned a false result indicating significant phylogenetic clustering. Actual phylogenies and habitat distributions of species in nature are of course unlikely to be so simplistic, but this simulation demonstrates that species definition can dramatically affect whether or not the signature of interspecific competition is detectable by phylogenetic analyses. Overdispersion is most apparent when the proper species unit is applied. Lumping or splitting will obscure the signature of competition and reduce the sensitivity of the phylogenetic methods. We went on to test whether this finding was also supported by results from natural bacterial communities.
Narrower species units reveal phylogenetic overdispersion in Pelagibacter
Because 'lumping' species obscured the phylogenetic overdispersion in our simulated example, we predicted that finer-scale bacterial diversity units based on a more stringent identity threshold, or less conserved markers (e.g., fast evolving proteincoding genes) should then be more likely to reveal it. We tested this hypothesis by carrying out Phylocom analyses of several bacterial datasets using 16S rRNA and protein-coding genes and a range of identity thresholds to define the species boundary. We focused our analyses on sequences of the same genus because species in the same genus are expected to be more likely to compete than those in different genera (Darwin, 1859; Cooper et al., 2008; Cavender-Bares et al., 2009; Wiens et al., 2010) . We first assessed the phylogenetic relatedness of Pelagibacter at the sampling sites of the GOS expedition (Rusch et al., 2007) . Pelagibacter is the most abundant bacterium in the ocean surface water and is also widely dispersed (Morris et al., 2002) . OTUs generated at a variety of sequence identity cutoffs were used as approximations of species. Our analyses of 10 protein-coding genes revealed a pattern consistent with the trend predicted by our simulation. When analyzed using all GOS samples, the fraction of communities that showed negative NRI values (overdispersion) increased in all marker genes as narrower diversity units were applied (Figure 2 ). The number of statistically significant overdispersed communities also increased with narrower species definition ( Figure 3 , Table 2 ). The increase in overdispersion was accompanied by a decrease in phylogenetic clustering. This effect was pronounced and prevalent across all markers (Supplementary Table  S1 ). We noted that while overdispersion tended to increase, and clustering decrease as species definitions were narrowed, in most cases the number of clustered communities still exceeded the number of overdispersed communities. We also carried out Phylocom analysis of a regional pool by comparing samples from Indian Oceans only. The results were similar to the findings described above.
Interestingly, for all protein markers the maximum number of significantly overdispersed communities was detected using identity cutoffs greater than 97% (data not shown). This is much narrower than the 97% or 99% 16S rRNA OTUs typically used to approximate bacterial species. In Pelagibacter, for example, two species with 99% identical 16S rRNA gene share only 80% DNA sequence identity at the rplK gene. Therefore, 99% 16S rRNA OTUs are roughly equivalent to 80% rplK OTUs. Accordingly, we did not detect any statistically significant overdispersion when we analyzed the GOS data using the 16S rRNA gene at 97%, 99% or 100% identity cutoffs. This result suggests that 16S rRNA OTUs, the widely used bacterial diversity unit, might be too broad to detect phylogenetic overdispersion in Pelagibacter communities, as seen in other bacterial communities (Horner-Devine and Bohannan, 2006; Pontarp et al., 2012) .
These results demonstrate that broad definitions of bacterial species (e.g., 16S rRNA OTUs) tend to indicate habitat filtering as the dominant driver of community assembly, while narrower definitions (e.g., OTUs of protein-coding genes) suggest the possibility of a stronger role for interspecific competition. That we were able to observe this trend with both the NRI and NTI metrics is especially striking given previously observed effects of tree size (the number of taxa) on NRI and NTI. Figure 2 Phylogenetic overdispersion increases when species are more narrowly defined. This figure displays the Phylocom results for 16S rRNA and 10 protein-coding genes from the GOS Pelagibacter sequences. For the protein-coding genes, the OTU identity cutoff correlates positively with the fraction of overdispersed communities. For 16S rRNA, no or little overdispersion was detected when 95%, 97%, 99% or 100% identity cutoffs were used.
Species competition in bacteria community assembly AF Koeppel and M Wu
Prior studies have shown that NTI underpredicts overdispersion as the number of terminal taxa increases (Swenson, 2009 ). The fact that we observed an increased number of overdispersed communities according to the NTI metric as we narrowed the species cutoff (and therefore increased the number of terminal taxa) suggests that the effect may be even more pronounced than our results indicate.
Phylogenetic overdispersion is present in other bacterial communities We next tested whether the pattern we observed in the GOS Pelagibacter data was also present in other bacterial communities. We analyzed several microbial datasets representing various contrasting habitat types (marine (Hunt et al., 2008) and human body sites (Ley et al., 2006; Grice et al., 2009)) , with different genetic markers (16S rRNA and a proteincoding gene) ( Table 1) .
We discovered that for the human microbiome 16S rRNA datasets, there was very little evidence of phylogenetic overdispersion across habitats at a broader species definition (99% sequence identity) (Figure 4 ). The number of phylogenetically clustered communities was much greater than the number of overdispersed communities in every case. Taken on its own, this finding would appear to indicate that bacterial communities are predominantly assembled via habitat filtering rather than by competition-driven dispersion, as observed previously (Horner-Devine and Bohannan, 2006; Pontarp et al., 2012) . However, when we narrowed the definition of species to a 100% sequence identity cutoff, the proportion of communities showing overdispersion increased substantially. A similar trend was observed in the Vibrio hsp60 dataset using the NRI metric (Figure 5a ). No overdispersion was detected when OTU was defined using 97% identity cutoff. In comparison, one third of the communities were overdispersed when 99% and 100% identity cutoffs were used. These results further support the hypothesis that finer-scale species delineations are necessary for phylogenetic overdispersion to be readily detectable. Only NRI results are displayed. For simplicity, the skin microbiome pie charts displayed the Phylocom results averaged over all 21 skin sites.
Ecotypes reveal phylogenetic overdispersion in Vibrio and Pelagibacter
Recent models of bacterial speciation have suggested that very recently diverged bacterial ecotypes, whose discovery requires the resolution of rapidly evolving sequences, are better approximation of bacterial species (Cohan and Perry, 2007; Wiedenbeck and Cohan, 2011) . We generated ecotypes in a marine Vibrio dataset using the ES and AdaptML (Hunt et al., 2008) algorithms. ES identifies ecotypes by comparing the observed pattern of sequence diversity in a bacterial community to those of simulated communities 'evolved' based on the stable ecotype model (Cohan and Perry, 2007; Cohan and Koeppel, 2008) . AdaptML, by contrast, demarcates ecotypes by inferring the evolutionary history of habitat transitions. It identifies an ecotype as the largest clade whose members share an inferred habitat. Unlike OTU, neither ES nor AdaptML requires an arbitrary identity cutoff to demarcate ecotypes. Since the ecotypes defined by these algorithms are expected to be more evolutionarily and ecologically meaningful than OTUs, our expectation was that phylogenetic overdispersion would be easier to detect if ecotypes were used to approximate species.
The Vibrio hsp60 dataset of Hunt et al. (2008) represents an ideal dataset to test our hypothesis that ecotypes might be better species units for detecting phylogenetic overdispersion. It has the categorical ecological data necessary for analysis with AdaptML, and the pattern of sequence diversity fits the assumptions of the stable ecotype model, as required by ES (Supplementary Figure S1) . We generated ecotypes using both the ES and AdaptML algorithms and then used ecotypes as the input species units for Phylocom analysis. Overall, the ecotypes generated by both algorithms showed more overdispersion and less phylogenetic clustering than OTUs. Most strikingly, the only case in which significant phylogenetic overdispersion was detected using the NTI metric was when ES ecotypes were used as the species unit (Figure 5a) .
We also used AdaptML to generate ecotypes based on the rplK gene sequences from the GOS Pelagibacter dataset. Phlyocom analysis was performed using these ecotypes as species units, and the results were compared against results from the identical sequence set using OTUs as species. Strikingly, the analysis of the ecotypes indicated that a greater fraction of the communities were significantly overdispersed (and fewer significantly clustered) than had been shown by OTUs at any cutoff (Figure 5b) .
Although OTUs provide a 'quick and dirty' approach to characterizing bacterial diversity and can be useful in many circumstances, they is no substitute for coherent and meaningful units of bacterial ecology and evolution (Gevers et al., 2005; Cohan and Perry, 2007; Ward et al., 2008; Koeppel and Wu, 2013) . Our findings suggest that there is no one right OTU identity cutoff that works well for detecting overdispersion. When using the NTI metric, we were able to detect phylogenetic overdispersion of ecotypes in communities that showed no overdispersion of OTUs (Figure 5a ). Even very narrow species approximations may have difficulty in detecting phylogenetic overdispersion if they are based solely on sequence identity. This was true even when OTUs were clustered based on 100% identity at a protein-coding locus, a substantially narrower unit of diversity than the typically used 97% or 99% 16S rRNA OTUs (Stackebrandt and Goebel, 1994; Schloss and Handelsman, 2006; Stackebrandt and Ebers, 2006) . While it has been well established that a consistent definition of species is necessary for many different types of ecological analysis (Hughes et al., 2001) , our results starkly demonstrate the extent to which conclusions about bacterial ecology and evolution can be affected when different species units are employed in phylogenetic analyses.
Implications for future research
Our results highlight the advantages of using protein-coding genes as markers for studying microbial community assembly. We demonstrated that the narrower the species definition, the more phylogenetic overdispersion could be detected. Since the nucleotide sequences of protein-coding genes evolve faster than the 16S rRNA gene, using protein-coding genes should produce finer-scale bacterial species that are ecologically more meaningful. Therefore, the recent advance of metagenomics to examine genomes of different lineages from environmental samples will increase the power Figure 5 Phylocom analyses using OTUs and ecotypes. This figure displays the Phylocom results for the gene hsp60 from the marine Vibrio dataset (a), and for the rplK gene in the GOS Pelagibacter dataset (b). As in previous figures, the pie charts show the fraction of communities that were significantly overdispersed, clustered or not significantly different from the null model. Species units were either OTUs (at 97%, 99%, and 100% identity cutoffs) or ecotypes (estimated using the AdaptML or ES algorithms). The numbers in parentheses indicate the number of species units.
of phylogenetic methods for bacterial assembly analysis.
Our results also underscore the need for deep sequencing in microbial ecology studies. The more deeply sequenced a community is, the finer the taxonomic scales at which it can be examined and analyzed. There is a general expectation that community assembly at broader taxonomic scales will be predominated by habitat filtering (Cavender-Bares et al., 2006; Horner-Devine and Bohannan, 2006) . However, due to limited sequencing depth in previous studies, bacterial community assembly were analyzed mostly at very broad taxonomic scales (either using the entire taxonomic breadth of bacteria in a community or at the phylum level) (Horner-Devine and Bohannan, 2006; Silvertown et al., 2006; Bryant et al., 2008; Pontarp et al., 2012; Wang et al., 2012) . Without deep sequencing data, our analyses of community assembly at the genus level would not have been possible because there would not have been enough sequences of the same genus for Phylocom analysis. The depth of sequencing can also affect the way we demarcate species. For example, although GOS was a large-scale sampling expedition, our rarefaction analysis of the marker sequence data indicated that each individual sampling site was still undersampled (data not shown). The insufficient sampling prevented us from analyzing the GOS data using ES ecotypes because the sequence data did not adequately capture the microdiversity that was necessary for ES analysis.
If interspecific competition does play a significant role in bacterial community assembly in general, then it is possible to use its phylogenetic signature to evaluate the effectiveness of bacterial species definitions. Our simulated example indicates that phylogenetic overdispersion is at maximum when the proper species unit is used in the Phylocom analysis. Splitting or lumping species all produce lowered estimates of phylogenetic overdispersion. Therefore, the degree of phylogenetic overdispersion can be used as an objective function to benchmark species units. Using this criterion, our Phylocom analyses of Vibrio and Pelagibacter datasets indicated that ecotypes are better approximation of bacterial species than OTUs because for the same set of sequence data, overdispersion estimated using ecotype as species was greater than those estimated with OTUs.
Challenge of linking phylogenetic patterns to assembly processes Phylogenetic structures have been successfully used to infer the underlying assembly processes. However, linking phylogenetic patterns to processes is not always straightforward because of their many-tomany relationships. For example, overdispersion does not always indicate competition. Overdispersion can result from habitat filtering when distant relatives share convergent traits. Overdispersion can also indicate facilitation between distantly related species (Cavender-Bares et al., 2004; Verdú et al., 2009) . Both are unlikely to be the case in our study because we focused on closely-related species. One advantage of working with closely related taxa is that phylogenetic patterns are more likely to be indicative of the assembly processes, as suggested previously (Kraft et al., 2007; Fine and Kembel, 2011; Stegen et al., 2012) . This is because the assumption of phylogenetic niche conservatism is more likely to be valid between closely-related taxa. Nevertheless, the possibility of phage predation causing phylogenetic overdispersion in bacterial communities (Sullivan et al., 2003; Acinas et al., 2004; Thompson et al., 2005; Holmfeldt et al., 2007; Lennon et al., 2007) cannot be excluded in our study.
Conversely, competition does not always drive phylogenetic overdispersion. The core assumption of the competition-relatedness hypothesis-that closely related species compete more intensely than distantly-related species has been challenged recently (Mayfield and Levine, 2010) . According to the modern coexistence theory, species coexistence is driven by the interaction of two types of species differences: niche differences and competitive ability differences. When species differ primarily in their niche preference, closely-related species will have similar niches, and therefore are less likely to coexist, resulting in phylogenetic overdispersion. On the other hand, when species differ primarily in their competitive ability, closelyrelated species will have similar competitive ability and thus are more likely to coexist, resulting in phylogenetic clustering. Under the Mayfield and Levine model, although competition can lead to either overdispersion or clustering, overdispersion can still only result from competition. In other words, overdispersion would indicate competition when alternative explanations are exhausted, as discussed above.
Conclusions
Our results demonstrate that the definition of species matters a great deal to phylogenetic analyses of community assembly. Using many genes, numerous lineages and a wide range of habitats, we have shown that the use of finer-scale species units such as ecotypes can reveal phylogenetic overdispersion in communities where it was not apparent with broader units. Although habitat filtering could well be the dominant force, our results suggest the possibility of a more prominent role for interspecific competition in bacterial community assembly than had previously been recognized. Our findings therefore illustrate the need for careful consideration of how to delineate bacterial species in bacterial evolution and ecology studies.
